In this work we compare the predictive capability of two mathematical models for red blood cells (RBCs) focusing on blood flow in capillaries and arterioles. Both RBC models as well as their corresponding blood flows are based on the dissipative particle dynamics (DPD) method, a coarse-grained molecular dynamics approach. The first model employs a multiscale description of the RBC (MS-RBC), with its membrane represented by hundreds or even thousands of DPD-particles connected by springs into a triangular network in combination with out-of-plane elastic bending resistance. Extra dissipation within the network accounts for membrane viscosity, while the characteristic biconcave RBC shape is achieved by imposition of constraints for constant membrane area and constant cell volume. The second model is based on a low-dimensional description (LD-RBC) constructed as a closed torus-like ring of only 10 large DPD colloidal particles. They are connected into a ring by worm-like chain (WLC) springs combined with bending resistance. The LD-RBC model can be fitted to represent the entire range of nonlinear elastic deformations as measured by optical-tweezers for healthy and for infected RBCs in malaria. MS-RBCs suspensions model the dynamics and rheology of blood flow accurately for any vessel size but this approach is computationally expensive for vessel diameters above 100 microns. Surprisingly, the much more economical suspensions of LD-RBCs also capture the blood flow dynamics and rheology accurately except for vessels with sizes comparable to RBC diameter. In particular, the LD-RBC suspensions are shown to properly capture the experimental data for the apparent viscosity of blood and its cell-free layer (CFL) in tube flow. Taken together, these findings suggest a hierarchical approach in modeling blood flow in the arterial tree, whereby the MS-RBC model should be employed for capillaries and arterioles below
Introduction
Red blood cells (RBCs) constitute nearly one-half of the blood volume (∼ 5 × 10 6 /mm 3 ), and therefore blood flow is greatly influenced by their biophysical characteristics. Typically, a human RBC has a biconcave shape of approximately 8 µm in diameter and 2 µm in thickness, and is highly deformable [1, 2] . The behavior of RBCs in flow is affected by their viscoelastic rheological properties [3] and by their concentration or hematocrit. As a consequence of RBC size and deformability, the features of blood flow may change greatly with the vessel diameter. In vessels with diameter larger than approximately 200 µm, blood flow can be accurately modeled as a homogeneous fluid using a continuum description in terms of the Navier-Stokes equations [2] . However, in vessels with a smaller diameter, i.e., in arterioles, venules, and capillaries, the two-phase nature of blood as a suspension of RBCs is essential. Therefore, detailed quantitative understanding of blood flow in microcirculation requires explicit modeling of RBCs and is necessary for many physiological processes such as the hemodynamic resistance and its regulation in the microcirculation, transport of oxygen and nutrients, and immunological and inflammatory responses.
Development of an efficient and accurate RBC model has been a long-standing effort, leading to a number of numerical models of deformable cells which utilize a continuum description [4] [5] [6] [7] or a discrete RBC representation at the spectrin molecular level [8, 9] as well as at the mesoscopic scale [10] [11] [12] [13] . Continuum models often suffer from high computational expense due to non-trivial coupling between nonlinear solid deformations and fluid flow. Similarly, detailed spectrin molecular models of RBCs are very limited by the excessive computational cost. Mesoscopic modeling of RBCs leads to sufficient accuracy at affordable computational cost.
Several mesoscopic RBC models [10, 11, 13, 14] have been developed recently. Most of them employ a similar idea whereby the RBC cytoskeleton and membrane are represented by a network of springs in combination with bending rigidity and constraints for surface-area and volume conservation. Dupin et al. [11] coupled a discrete RBC to a fluid modeled by the lattice Boltzmann method (LBM) [15] . Noguchi and Gompper [10] modeled RBCs and vesicles within the Multiparticle Collision Dynamics framework [16] . Pivkin and Karniadakis [13] employed Dissipative Particle Dynamics (DPD) [17] for a multiscale RBC model, while Fedosov and Karniadakis [14] have extended this model to accurately capture the viscoelastic properties of the RBC membrane and to incorporate the external/internal fluid viscosity contrast, which were not taken into account in most of the previous models. Despite of the current developments of RBC models, all of the methods above still suffer from high computational expense if several thousand RBCs have to be modeled. As a consequence, there have been a few mesoscopic simulations [18, 19] of blood flow in large vessels (D ∼ 100 µm), which employed two-dimensional RBC models. Even though two-dimensional models may qualitatively capture the behavior of a RBC suspension, their quantitative predictions have to be considered cautiously, since RBC motion and deformation in flow are inherently three-dimensional.
A more recent development is the use of colloidal particles [20] in constructing red blood cell models leading to a very efficient approach as first demonstrated in [21] . In this work, we investigate the accuracy of this new low-dimensional RBC (LD-RBC) model, where a RBC is modeled as a ring of 10 colloidal particles connected by the worm-like chain (WLC) springs. Each colloidal particle is represented by a single DPD particle using a new DPD formulation [22] , which augments the standard DPD method by introducing non-central dissipative shear interactions between particles, hence conserving angular momentum. In addition, the bending rigidity of RBC is incorporated into the ring model through an angle bending resistance between two consecutive springs. In particular, we compare the LD-RBC model with the multiscale (MS-RBC) model [14] , which accurately captures three-dimensional membrane geometry and viscoelastic properties. First, we test the RBC mechanical response of the two models against optical tweezers stretching experiments [23] . Subsequently, we examine the rheological properties of blood modeled as suspensions of MSRBCs or LD-RBCs by monitoring the blood apparent viscosity and cell-free layer (CFL) and compare against available experimental data. While the MS-RBC model leads to accurate predictions of the dynamic and rheologic properties of blood flow its applicability is limited by its computational cost. The LD-RBC model is also accurate except in capillaries (below 15 − 20 microns) but it is about two orders of magnitude computationally cheaper than the MS-RBC. Figure 1 shows a schematic diagram of applicability of the two models with respect to characteristic vessel diameters. For the large vessels the use of continuum description leads to even higher computational efficiency. Hence, in this paper we will show that the LD-RBC model is appropriate and superior for the range of the vessel diameters between 50 µm and 200 µm, where the MS-RBC model is very expensive and homogeneous continuum modeling of blood does not provide an accurate description.
The paper is organized as follows. In section 2 we describe both RBC models and the proper scaling between physical and model units. Section 3 presents a comparison of RBC stretching response of both models and contains the results of blood flow in vessels including flow velocity profiles, blood apparent viscosity, and CFLs. We conclude in section 4 with a brief discussion.
Materials and methods
RBCs and their suspending fluid are modeled using the Dissipative Particle Dynamics (DPD) method [17] . DPD is a mesoscopic particle-based method, where each particle represents a lump of atoms or molecules rather than an individual atom or molecule. A detailed description of the DPD method can be found elsewhere [17, 24] .
Low-dimensional RBC model
The detailed derivation of this model as well as the list of all required parameters can be found in [21] . Here we provide a brief review. The LD-RBC is modeled as a ring of 10 colloidal overlapping particles connected by the worm-like chain (WLC) springs. Each colloidal particle is simulated by a single DPD particle using the new DPD formulation [22] , where the dissipative forces acting on a particle are explicitly divided into two separate components: central and shear (non-central) components. It allows us to redistribute and hence balance the dissipative forces acting on a single particle to obtain the correct hydrodynamics. The resulting method was shown to yield quantitatively correct hydrodynamic characteristics of colloidal suspensions [20] . More details on the new formulation can be found in the supporting material.
To construct the cell model we allow colloidal particles in the same RBC to overlap, i.e., the colloidal particles in the same cell interact with each other through soft conservative forces. The radius of each colloidal particle is chosen to be equal to the radius of the ring, and hence the configuration of a RBC is approximately a closed-torus as shown in Figure 2 (left).
Neighboring colloidal particles in the LD-RBC construction are connected by the WLC attractive springs with the following forces
where x j = l j /l m with l j being the length of the spring j and l m is the maximum spring extension, λ p is the persistence length, and k B T is the energy unit. Since the RBC membrane has bending resistance, the LD-RBC model also incorporates the bending resistance between two consecutive springs. The bending forces are derived from the cosine (COS) bending potential given by
where k b is the bending stiffness and θ ijk is the angle between two consecutive springs.
Here, λ p mainly determines the Young's modulus. However, to match both axial and transverse RBC deformations under stretching with the experimental data [23] , k b is adjusted to reach a good agreement, which also gives some contribution to the Young's modulus. The LD-RBC model does not have the membrane shear modulus.
Since the thickness of LD-RBC model is constant, we estimate the variations of the RBC volume and surface area under stretching by calculating the relative change of the area formed by the ring under stretching. For healthy RBCs we find that it varies within only 8% in the range of all stretching forces [21] . Therefore, the surface-area and hence, the volume of RBCs remain approximately constant in the LD-RBC model. The volume of a LD-RBC is equal to approximately 158 µm 3 , which is about 50% larger than that of a MS-RBC. The LD-RBC appears to be thicker than a MS-RBC, while the cell radius is the same for both models.
Furthermore, we examine the effect of coarse-graining on stretching response by varying the number of particles (N c ) to model the RBC. We find that an increase in the number of particles making up the RBC results in a smoother RBC surface [21] . In comparison with the experimental data [23] , again we find that an increase of N c results in better agreement, but for N c ≥ 10 the differences in model predictions become negligible [21] . Thus, to gain sufficiently good agreement and keep the computation cost low, we choose N c = 10 for all simulations; this is the accurate minimalistic model that we will employ in our studies.
Multiscale RBC model
The membrane of MS-RBC is constructed by N v DPD particles with coordinates {x i=1...Nv }, which are vertices of a two-dimensional triangulated network on the RBC surface [8, 14] , see figure 2 (right). The surface area and volume of the MS-RBC are equal to 135 µm 2 and 94 µm 3 , respectively. The network nodes are connected by N s springs with potential energy
where l j is the length of the spring j, l m is the maximum spring extension, x j = l j /l m , λ p is the persistence length, k B T is the energy unit, k p is the spring constant, and n is a power. The above equation includes the attractive wormlike chain potential and a repulsive potential for n > 0 such that a nonzero equilibrium spring length can be imposed. RBC membrane viscosity is incorporated into the RBC model through a dissipation added to each spring. Following the general framework of the fluid particle model [25] a combination of dissipative and random forces [14] is added to each spring that satisfies the fluctuation-dissipation balance providing consistent temperature of the RBC membrane in equilibrium.
The bending resistance of the RBC membrane is modeled by
where k b is the bending constant, θ j is the instantaneous angle between two adjacent triangles having the common edge j, and θ 0 is the spontaneous angle.
The MS-RBC model also includes the area and volume conservation constraints, which mimic area-incompressibility of the lipid bilayer and incompressibility of the interior fluid, respectively. The corresponding energy is given by
where N t is the number of triangles in the membrane network, A 0 is the triangle area, and k d , k a and k v are the local area, global area and volume constraint coefficients, respectively. The terms A and V are the total RBC area and volume, while A tot 0 and V tot 0 are the specified total area and volume, respectively. More details on the RBC model can be found in [26, 14] .
Extension of the linear analysis of [27] for a regular hexagonal network allows us to uniquely relate the model parameters to the network macroscopic elastic properties, bending rigidity, and membrane shear viscosity, see [26, 14] for more details. In practice, the macroscopic membrane properties serve as an input to be used to calculate the necessary model parameters without any manual adjustment. The membrane network that assumes the same equilibrium lengths of all tethers may develop local "bumps" due to stress anomalies in a membrane triangulation since a network on a closed surface cannot consist of triangles whose edges have the same lengths. Such local stress artifacts depend on the network regularity and the ratio of the membrane elastic and bend-ing contributions. To eliminate the stress artifacts we employ a "stress-free" model obtained by computational annealing. Thus, the equilibrium length l i 0 of each spring is set to the edge length after triangulation. This modification provides a network free of local stress anomalies.
Both internal and external fluids are simulated by a collection of free DPD particles and are separated by the cell membrane through bounce-back reflections of them at the membrane surface. Moreover, a dissipative force between fluid particles and membrane vertices is set properly to account for the no-slip boundary conditions at the membrane surface.
Scaling to physical units
A human RBC has an average diameter D P 0 = 7.82µm (the superscript P denotes "physical"), and therefore the following length scale is adopted
where the superscript D denotes "DPD".
Due to the fact that we will perform RBC stretching simulations to obtain the mechanical properties of the models, it is natural to involve the Young's modulus Y into the scaling as the main parameter. Hence, energy and force scales are given by
where "N" denotes Newton. In addition, we define the time scale as follows
where τ is the model time, µ p is the plasma viscosity, and s denotes seconds.
Results and discussion
In this section the LD-RBC and MS-RBC models are compared through a number of tests. First, single RBCs of both models are subjected to stretching deformation and are compared against experimental data from optical tweezers. This is an important first step and serves two objectives: (i) to extract the important mechanical parameters of the model (e.g. shear modulus); and (ii) to validate the single RBC model under large nonlinear deformation conditions. Subsequently, these validated single RBC models are used to create suspensions in order to evaluate the dynamic and rheologic response of blood flow in microvessels. To this end, we compare against available experimental data corresponding flow velocity profiles, blood apparent viscosities, and cellfree layers for different vessel diameters and hematocrit values. The implicit assumption made here is that the small fraction of white cells and platelets in whole blood will not affect its dynamic and rheologic behavior; indeed, the results presented here validate this assumption. A complete set of simulation parameters for the both RBC models can be found in the supporting material.
RBC stretching test
The RBC mechanical response of both models is probed by subjecting a single RBC to stretching deformation analogously to the optical tweezers experiments [23] . Figure 3 shows a sketch of both RBC models under stretching deformation. The stretching force f is applied in opposite directions to a set of particles drawn as black spheres in case of the MS-RBC model and to two particles separated by the distance of one diameter of the ring in case of the LD-RBC model. Note that the viscous properties of the cell and suspending media do not affect the final stretching since RBC deformations are measured after the equilibrium stretched state is achieved for a given force. 
Blood flow
Blood is modeled as a suspension of RBCs and simulations are performed for two tube hematocrit values of 30% and 45%, and for various tube diameters within the range from 10 µm to 120 µm. Blood flow in a tube is sustained by subjecting the mixture of RBCs and solvent particles to a body force which is equivalent to a constant pressure gradient in Poiseuille flow. The no-slip boundary conditions on the tube wall are imposed using frozen wall particles in combination with an adaptive wall shear force and bounce-back reflection of the solvent and RBC particles at the fluid-solid interface. In a pre-processing stage, the wall particles are allowed to move until the equilibrium state is reached. Then, the particles, which occupy the region of solid walls, are frozen in order to model the wall. This allows us to have a nearly uniform fluid density next to the tube wall. More details on the adopted no-slip boundary conditions can be found in [28, 29] . The thickness of the wall is equal to one r c which is the DPD cutoff radius. The wall particles have the same density as that of the solvent particles.
Velocity profiles
The simulations presented here include two tube hematocrits and several tube diameters between 10 µm and 120 µm. The blood flow is driven by a uniform body force per unit mass (f ) applied to both solvent and RBC particles in the flow direction. It is equivalent to the pressure gradient ∆P/L = ρf , where ∆P is the pressure drop over the tube length L and ρ is the suspension's mass density. Figure 5 compares the velocity profiles of blood flow (u(r)) and the flow of pure plasma (u p (r)) under the same pressure drop ∆P for different hematocrits and tube diameters. The blunt velocity profiles for different RBC models are in good agreement for a larger tube diameter. For small tube diameters (D ∼ 10 µm) and high hematocrit (H t = 45%) the LD-RBC model significantly underpredicts the development of the velocity profile since it does not accurately represent the three-dimensional RBC shape and structure, which are of importance for tube diameters comparable with the RBC size. 
Relative apparent viscosity
Fahraeus and Lindqvist [30] found that the apparent viscosity of blood increases as the tube hematocrit increases (more cell crowding in the tube results in a higher resistance, and hence higher macroscopic viscosity) and/or as the tube diameter increases. RBCs migrate to the tube center yielding the formation of the CFL near the wall, which serves as an effective lubrication for the viscous blood flow core. In small tubes the CFL thickness is comparable with the tube diameter resulting in a lower apparent viscosity of blood in comparison with large tubes, where the CFL becomes negligible. The work of Pries et al. [31] provides a comprehensive database for the description of relative apparent blood viscosity as a function of tube diameter and hematocrit. They compiled various viscosity measurements in tubes with diameters ranging from 3.3 to 2000 µm with hematocrits of up to 60% and at high shear rates (γ > 50s −1 ). They also fitted experimental viscosity data with the empirical equations, which predict relative apparent blood viscosity for a fixed tube diameter and hematocrit value.
In this work the average shear rate (γ) is varied from 30 to 70 s −1 . The relative apparent viscosity µ rel is defined as
where Q is the volumetric flow rate of blood defined as Q = 2π R 0 ru(r)dr and Q p is the volumetric flow rate of the pure plasma flowing in the same tube with the same pressure drop ∆P . Figure 8 shows the calculated relative apparent viscosity as a function of both tube diameter and tube hematocrit in comparison with the empirical formula by Pries et al. [31] . Good agreement between simulations (LD-RBC and MS-RBC) and experiments in most cases confirms that the LD-RBC model is able to capture realistic blood flow properties and rheology. In case of small tubes (D ∼ 10 µm) and large hematocrit (H t = 45%) the values obtained with LD-RBC model are significantly higher than the empirical predictions and the MS-RBC results. This discrepancy is caused by the simplified representation of the RBC structure, which becomes essential for blood flow behavior in tubes of a small diameter.
Single cell in Poiseuille flow
Next, we examine a single RBC in a very narrow tube, where experiments [32] [33] [34] show that a RBC transits from its biconcave shape to a stable parachutelike shape. The inset plots in figure 9 illustrate RBC shapes for the MS-RBC and LD-RBC models. LD-RBC simulations reveal that a RBC does not necessarily retain the parachute-like shape. It may flip in the flow with several intermediate positions which correspond to a RBC aligned along the flow direction and a RBC across the flow. This behavior may enhance the apparent blood viscosity. To quantify the RBC behavior in tube flow for different models we employ the gyration tensor, which characterizes the RBC shape. It is defined as follows
where r i are the cell particle coordinates, r C is the RBC center-of-mass, N c is the total number of particles in a cell, and m, n represent different components of coordinates. For the LD-RBC model with an initial flat-ring shape the gyration tensor has the minimum eigen-value equal to zero, while the other two large eigen-values correspond to the ring diameter. The transition to the parachute-like shape is then characterized by the minimum eigen-value as it increases starting from zero. For the MS-RBC model the biconcave-toparachute transition can be also characterized by the minimum eigen-value of the gyration tensor as it increases from its lowest value which corresponds to the equilibrium RBC shape. Figure 9 shows the variation of the minimum eigen-value of the gyration tensor for the LD-RBC and MS-RBC models. The minimum eigen-value for the MS-RBC model increases from its equilibrium value to that of the parachute shape and remains virtually constant. This indicates that the parachute shape is stable in agreement with experimental observations. In the case of LD-RBC model the minimum eigen-value does not remain constant indicating that the LD-RBC model cannot reproduce stable RBC parachute shape in Poiseuille flow in very small capillaries, i.e., below 15 − 20 µm.
Cell-free layer
CFL is a near-wall layer of plasma absent of RBCs since they are subject to migration to the tube center in Poiseuille flow. The fluid viscosity of the CFL region is much smaller than that of the core populated with RBCs, thereby providing an effective lubrication effect for the core to flow. In small tubes the CFL thickness is significant with respect to the tube diameter resulting in a smaller relative apparent viscosity in comparison with those in larger tubes, where the CFL thickness becomes negligible with respect to the tube diameter.
To determine the CFL thickness δ we measured the outer edge of the RBC core similarly to CFL measurements in experiments [35] [36] [37] . Figure 10 shows a snapshot of the outer edge of the RBC core as well as the measurement of the CFL thickness as the average distance from the core edge to the tube wall. The edge of RBC core is determined by the position of outermost RBCs, and is averaged over all the snapshots taken after the flow has reached steady state. Discrete samples of δ from the obtained curves were taken every 0.5 µm along the flow direction. Varying this resolution yields slightly different values of δ, with the standard deviation ranges from 0.1 to 0.3 µm in all runs. Figure 11 presents CFLs for different tube diameters and tube hematocrits using the LD-RBC and MS-RBC models in comparison with in vitro [35, 38] and in vivo experiments [36, 37] . We find that the simulated CFLs are consistent with the predictions of Fahraeus and Fahraeus-Lindqvist effects [39, 30] . CFLs are wider for lower H t values and larger tube diameters indicating migration of RBCs to the tuber center. It appears that CFL thicknesses calculated from different models (LD-RBC and MS-RBC) agree well in general. However, we have to point out that for the same aforementioned reason, in case of a small tube diameter (D = 10µm) the CFL thickness predicted by the LD-RBC model is slightly larger than that obtained with the MS-RBC model. For high hematocrit (H t = 0.45) the calculated CFL thickness for the tube diameter D = 10µm is even larger than the value at D = 20µm, which is obviously inconsistent with the predictions of Fahraeus and Fahraeus-Lindqvist effects [39, 30] . The previously described flipping of RBCs in tube flow for the LD-RBC model results in a slight enhancement of CFL in small diameter tubes.
Comparison of the simulated CFLs and those obtained in experiments [35] [36] [37] [38] in figure 11 shows partial agreement. Several differences between simulations and experiments may contribute to the discrepancies. Note that the simulations mimic blood flow in rigid and infinitely-long tubes, while experiments employ finite tube or vessel length. Thus, the CFL measurements in simulations are carried out after the steady state is reached and further cell migration can be neglected. Bugliarello et al. [38] and Reinke et al. [35] conducted in vitro experiments of blood flow at different discharge hematocrits (H d ) in glass tubes where the CFL was measured. Taking into account the Fahraeus effect [39] , which predicts that H t should be lower than H d , our simulation results show a good agreement with their results.
CFLs from in vivo experiments plotted in figure 11 show satisfactory agreement with simulations for high hematocrit values (H t = 0.3 − 0.45), whereas for low H t the agreement is rather poor. In fact, available in vivo measurements [36, 37] of CFLs show a significant scatter in the results. Yamaguchi et al. [40] found the CFL in cat cerebral microvessels to be approximately 4 µm (not shown in figure 11 ) and independent of the vessel diameter. Maeda et al. [36] reported CFLs in the range 1−2 µm for the vessel diameters 25−35 µm at H t = 0.45, where the rabbit mesentery was perfused. Kim et al. [37] obtained CFLs in the range of 0.8 − 3 µm increasing from the diameter of 10 µm to 50 µm at H t = 0.42, where the rat cremaster muscle was used. The variability of in vivo measurements of the CFL and their discrepancies with simulations shown in figure 11 may be due to several reasons such as the existence of the glycocalyx layer, variations in vessel width, use of a short vessel in length, close proximity of the site of CFL measurements to vessel bifurcation, vessel elasticity, and spatial resolution of the measurements [35] [36] [37] [38] .
Summary
We have presented a comparison of mechanics, dynamics, and rheology of blood flow in capillaries and arterioles modeled as a suspension of RBCs represented by a multiscale and a low-dimensional network-spring type descriptions. Specifically, we performed cell stretching simulations for healthy RBCs and infected cells in malaria. The results from both models are in excellent agreement with the optical tweezers experiments; the LD-RBC model yields the Young's modulus of 20.0 and 199.5 µN/m for healthy RBCs and infected RBCs at the schizont stage of parasite development, respectively, which is in close agreement with the corresponding MS-RBC values. This demonstrates that the LD-RBC model is able to capture linear as well as non-linear RBC elastic response. In the LD-RBC model, the parameter λ p of the WLC spring and the parameter k b of the bending force determine the Young's modulus. We found that the number of particles N c = 10 in the LD-RBC model is enough to yield sufficiently accurate RBC representation; this is the most accurate minimalistic model that we employ in blood flow modeling. In the MS-RBC model, besides the Young's modulus, other parameters are the area-compression (K) and membrane shear (µ 0 ) moduli, which are related to the Young's modulus. The modeling parameters also include k d , k a and k v , in addition to the WLC spring and bending resistance parameters used in the LD-RBC model. The number of vertices on each RBC (N v ) is varied from 100-27344, and it is found that N v = 500 is enough to gain sufficiently good agreement.
Furthermore, we modeled blood flow in tubes where blood was simulated as a suspension of RBCs. The tube hematocrit H t was varied between 0.3 and 0.45, while the tube diameters were in the range from 10 to 120 µm. The majority of the LD-RBC model simulations showed very good agreement with the simulations by the MS-RBC model, the experimental data, and empirical predictions. However, when the tube diameter becomes comparable with the RBC size, significant discrepancies appear especially at high hematocrit (H t = 0.45). In particular, an "artificial tumbling" that the model exhibits periodically tends to increase significantly the apparent viscosity that the LD-RBC predicts in tubes of diameter 10 microns or less. This is likely to be the result of an erroneous representation of the three-dimensional structure and shape of RBCs in the LD-RBC model.
However, in comparison with the multiscale RBC model, the LD-RBC model is much cheaper computationally. In particular, in LD-RBC model each RBC consists of only 10 DPD particles, while in MS-RBC model 500 DPD particles are used to represent a RBC. Furthermore, the diameter of LD-RBC is about half of that of MS-RBC resulting in computational cost reduction by approximately 2 3 times. As a result, the computational cost can be reduced by about two orders of magnitude. This allows us to simulate blood flow in large (several hundred microns) and long vessels under healthy conditions and in various diseases (e.g., malaria, sickle-cell anemia, etc.).
Despite the success of the LD-RBC model, it has several limitations. As mentioned above, it is unable to reproduce the exact three-dimensional RBC structure, which voids its applicability to model blood flow in vessels of a small diameter below approximately 20 µm. Also, unlike the MS-RBC model, the LD-RBC model does not capture the rheological properties of RBC membrane, which may be of importance under certain flow conditions. 
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